Abstract Cities comprise various functional zones, including residential, educational, commercial zones, etc. It is important for urban planners to identify different functional zones and understand their spatial structure within the city in order to make better urban plans. In this research, we used 77976010 bus smart card records of Beijing City in one week in April 2008 and converted them into two-dimensional time series data of each bus platform, Then, through data mining in the big database system and previous studies on citizens' trip behavior, we established the DZoF (discovering zones of different functions) model based on SCD (smart card Data) and POIs (points of interest), and pooled the results at the TAZ (traffic analysis zone) level. The results suggested that DzoF model and cluster analysis based on dimensionality reduction and EM (expectationmaximization) algorithm can identify functional zones that well match the actual land uses in Beijing. The methodology in the present research can help urban planners and the public understand the complex urban spatial structure and contribute to the academia of urban geography and urban planning.
. In existing researches, urban spatial structure is often used by researchers to study human activity, analyze citizens' trip behavior and explore the impact of urban spatial structure on people' traveling (Jiang et al.2009 ). For example, by studying the structure of urban land-use, urban commuter model was studied (Hamilton 1982) , and the impact of the spatial structure on residents' commuting behavior was analyzed (Liu and Wang 2011; Wang and Chai 2009) . However, few studies have discussed how to use the existing data of urban human activity for relevant studies of urban spatial structure which can be very important. Because along with the development of the city, urban land use and spatial structure are changing rapidly and the city is developing from the previous single-center model to a multi-center model (Anas et al.1998; McMillen and McDonald 1997) . The immediate and clear division of urban functional areas can give inspiration to city planners on the future planning, and validate the land use planning of the past. However, traditional studies on land use and urban spatial structure are mainly based on remote sensing data (Lu and Weng 2005; Xiao et al.2006 ) which is expensive and lacks timely updates, thus cannot meet the needs of urban planners and scholars.
Therefore, it will become a top research to use the vast amounts of data provided by LBS to analyze human activity and carry out research of urban spatial structure.
In existing researches of urban spatial structure, GSM and GPS data is most widely used. For example, Qi et al. used 
GPS information of driving taxis in Hangzhou to analyze the relationship between
passengers' patterns of getting on and off and the social function of urban areas (Qi et al.2011 ). Based on one week's GPS data from more than 6600 driving taxis in Shanghai, Liu et al. used the "source-sink" model proposed by Pulliam to characterize the daily traffic model, and then to analyze the present situation of land use in Shanghai (Liu et al.2012; Pulliam 1988 ). Yuan used GPS information of taxi and urban POI (Point of Interests, POIs) data to establish a semantic model and study the functional partition of different regions of the city with the help of data mining method (Yuan et al.2012 ).
In recent years, SCD (Smart Card Data) has gradually been used in the study of urban as a kind of large-scale data with spatiotemporal labels. Sun analyzed passengers' spatio-temporal density and activity tracks based on the SCD data of Singapore (Sun et al.2012) . Joh and Hwang used 10 million pieces of SCD data of Seoul metropolitan area to analyze the feature of cardholders' routes and urban land use (CH and Hwang 2010) . Long et al. analyzed the relationship between working and living locations as well as the feature of commuting direction using SCD data of Beijing (Long et al.2012 ). In addition, some researchers have begun to use POIs (Point of Interests) data in the study of urban space.
POIs are some basic locations of the city and mainly include buildings with landmark function in the local area. Since to a large extent, POIs can enhance the ability to describe the physical location and improve the accuracy and speed of the geographical location, it has been widely applied to the study of urban spatial structure. According to the significant degree of difference, Zhao et al. extracted hierarchical landmarks from POI data, and obtained the hierarchical knowledge space that can be used in intelligent route guidance (Zhao et al.2011) . Since LBS technology is featured with high positioning accuracy, interactive feature and huge amount of data while POI has obvious advantages in identifying geographical pattern, its id of great significance to integrate the two in the study of urban spatial structure.
Information obtained by LBS technology is still in its original state, data. Because the amount of data is too large, it is usually hard to extract useful information using the traditional data analysis method and technology (Witten and Frank 1999) . In recent years, with the rapid development of computer techniques, database management system and artificial intelligence technology gradually became mature and their combination has contributed to produce a new technology, data mining, which realizes the effective characterization and analysis of large data (Tan et al 2006) . Scholars also have begun to try to use the classification, association analysis and cluster analysis in data mining technique to discovery potentially and useful information from vast amounts of GIS data. For the past few years, cluster analysis has been widely used at home and abroad, to analyze daily activities of urban people like working, living, attending school, travelling and shopping based on GPS, GSM, SCD and other data (Jiang et al.2012; Sun et al.2011) , and thereby to identify the space-time structure of the city as well as the immediate and detailed information of urban land use (Pan et al.2013) .
In actual studies, the data provided by LBS technology is often continuous in time and such data are called time-series data (Agrawal et al.1993) . Time-series data are usually massive data that may get a lot of noise in it and have poor efficiency or even impossibility in direct cluster analysis of raw data.
Therefore, dimensionality reduction and feature transformation for multi-dimensional time series data is needed. Discrete Fourier Transform (DFT) (Agrawal et al.1993) , Principal Component Analysis (PCA) (Sun et al.1994) , Singular Value Decomposition (SVD) (Korn et al.1997 ) are some commonly-used methods for this. Cluster analysis of time series data can be similarity-based, feature-based, modelbased and segmentation-based. And the choice mainly depends on the type of application data and the purpose of cluster analysis (Jiang et al.2005) . Traditional cluster analysis is mostly vector-based which cannot well solve the problem of time series clustering. In recent years, model-based clustering was more used in the study on clustering analysis of time series.
This study is to establish the model of Discovering Zones of different Functions (DZoF) based on the original data of SCD and POIs. In this model, the bus platform traffic data model was developed. We have used the model-based algorithm -expectation maximization(EM) in cluster analysis of 8691 bus platforms in Beijing, as well as built the pattern recognition rules of SCD data mining based on the traditional studies of residents' commuting behavior, general cognition and POIs model, and conducted a functional interpretation of clusters resulted from previous clustering analysis. According to DZoF model, this study ultimately determined the function of each bus platform in Beijing, and made a summary on a scale of TAZ to achieve recognition of the function of different regions. In order to verify the validity of DZoF(Discovering Zones of different Functions) model in identifying the result, the chapter also made a contrastive analysis between the land-use status map of the overall urban planning of Beijing(2004 Beijing( -2020 and Google map of the area.
The methods section of this chapter gives a definition of DZoF model used for urban functional identification, and introduces the specific method to use DZoF model in the cluster analysis of multidimensional time series, and ultimately identify the practical meaning of clustering result. In the application section, Beijing is taken for an example, a continuous week's bus smart card records of Beijing in April 2008 and urban POI data are used to identify each functional area of the city while experimental result is also tested. The final part is about the summary and discussion of the entire study.
2 Overview of study area and explanation of data
Overview of study area
The study area of this paper is Beijing city area, with a total area of 16,410 square kilometers and a permanent population of 20,693,000
1 . Beijing has a modern and tridimensional transportation network which ramifies all over the city. 
Data

Lines and platforms of buses in Beijing
The main data of this study mainly is a continuous week (April 7th-April 13th)'s bus smart card records of Beijing in 2008 (not including smart card records of rail transit), which covers more than 600 bus lines (a total of 1,287 inbound and outbound records which contains 566 records of one-ticket lines and 721 of segmented-pricing lines), and about 37,000 bus stops 3 and 8,691 bus platforms. Figure 1 shows the distribution of bus platforms in Beijing.
1 The data is from the 2012 Statistical Yearbook of Beijing(http://www.bjstats.gov.cn).
2 The data is from the statistics on Beijing Transportation website(http://www.bjbus.com/)
3 It is not the number of but platforms, but the sum of bus stops of all bus lines. A bus stop is the name of a platform in a bus line. 
Smart Card Data
Due to the non-technical factors, the smart card data used in this study does not include those of bus and rail transit lines of Xianglong Company. The basic information that each record contains includes:
card-swiping time and location of each card holder (the location is represented by the number of the line and the stop), type of card (ordinary, student or staff card), and transaction sequence number (representing the cumulative number of a cardholder's swiping card), driver number and vehicle number. There are 77,976,010 card-swiping records in the week.
Beijing bus lines have two ways of pricing: (1)one-ticket lines with short distance mostly located in the city centre and SCD of this kind only records passengers' pick-up time rather than drop-off time;
(2)segmented-pricing lines, usually with long route and both terminal and starting station locating outside the Fifth Beltway. SCD of this kind records the complete spatial-temporal information of cardholders' behavior of card swiping. In order to collect both pick-up and drop-off flow, most of the data used in this study is of segmented-pricing lines, which has 37,649,207 records in total.
Point of interest
The POI data used in this study is collected from Beijing in 2010 and has a total of 113,810 records, obtaining from Sina Micro-blog Geographic Service Platform 4 (as shown in figure 2). The classification and explanation of POIs is shown in table 1. The amount of each category of POI is shown in Figure 3 . 
Methods
In this study, the identification of city functional regions was achieved mainly through the construction of DZoF (Discovery Zones of different Functions) model.
First, by using SQL Server, acquire and pre-process SCD and POIs data, Platform Flow model (PF model) and POIs data model were built. And by using the cluster analysis techniques of multidimensional data, we designed the feature of one week's traffic data, use the EM algorithm for clustering analysis and get clusters. And again, the function of the result clusters was interpreted in three aspects: POI model, feature of residents' commuting behavior and residents' general cognition; the function of each bus platform was defined. Public management, science, educational and cultural service, residential, commercial and entertainment function, and scenic spot are some main functions.
The process flow of this study is as shown in figure 4.
Fig. 4
The process flow diagram of this chapter
Blind clustering of bus platforms
Pre-processing of SCD
Flow statistics collected according to bus lines compose the raw data of the study, which has a problem of having many bus lines going through the same platform. By using SQL Server, statistics of different bus lines which go through the same platform were added together, resulting in the flow statistic of each bus platform, f x,y,z (x is Platform ID, x=1,2,…,8691; y represents date, y=7,8,…,13; z represents time, z=0,1…,23).
PF (Platform flows) data model
For each bus platform, an inflows vector was built (X 7,0 , X 7,1, …, X i,j , …, X 13,23 ). X i,j represents the number of passengers that have been picked up on the platform in the j th hour on April i th 2008 (i=7, 8,…,13; j=0, 1…,23 2008( i=7,8,…,13, j=0,1…,23) .
By transforming the data into two-dimensional time-series data, making dimensionality reduction and constricting a linear function, the study uses a ratio of the number of pick-up passengers to the number of drop-off ones at different time as an index for comparing the similarity of platform flows: Thus, for each platform, a PF model was built (Z 7,0 , Z 7,1 ,…, Z i,j ,…,Z 13,23 ). Z i,j represents the ratio of passengers that have been picked up on the platform in the j th hour on April i th .
Data dimensionality reduction
From the statistics of average inflows and outflows in various departure hours of a week (as shown in Figure 5 ), it was observed that people's trip hour converges on 5:00-23:00 (above the red line in Figure   5 ). After removing redundant features of the raw data, PF data decreased from 168d to 126d. platform (Figures 6, 7) . From the graphics, it is observed that statistics of weekdays have strong consistency while statistics of two days in weekends have strong consistency. 
Expectation-Maximization (EM) algorithm
In this paper, expectation maximization (EM) algorithm was chosen as the method for clustering on bus platforms. In this algorithm, for each object, its probability of each distribution is calculated, which is equivalent to a procedure in K-means algorithm that assigns each object to a cluster; and maximum likelihood estimating in EM algorithm is equivalent to cluster's centered calculating in K-means algorithm. But compared with the K-means algorithm, EM algorithm is more general and can be applied to different classes and find clusters of different sizes. At the same time, EM algorithm is model-based, which can eliminate the complexity of data association.
EM algorithm is a clustering method that uses hybrid model. The principle of model-based clustering is to assume that data is obtained by a statistical process which can be classified with a statistical model. Therefore, a statistical model that best fits the data can be found and parameters of the model can be estimated from data. The basic process of EM algorithm can be summarized as: first, do the initial guess of parameters; then, iteratively refine the estimation. Estimation of parameters in the algorithm is carried out by using the maximum likelihood method. Probability density of points generated from one-dimensional Gaussian distribution is:
If the value of σ and μ is unknown, then it requires a process to estimate them, which means choosing σ and μ that can maximize the formula above. This way of estimating model parameters is called maximum likelihood estimation in statistics.
Identification of urban functional areas
Collection of POI data of bus service area
In this study, service area of bus platform is defined the area within a radius of 500 meters (Huang 2006) around the bus platform. For each bus platform, the number of POI data of different categories is calculated, indicated as . i is platform ID(i=1,2,…,8691); j is 1st level code of POI (j=1,2,…,20).
Data standardization
Among POIs data of Beijing in 2010, there are 90,819 records of catering service POI, 116,499 shopping service POIs and only 4,575 POIs of place of interest. In the process of statistical analysis, function identification will be affected by difference in POIs's magnitude.
Therefore, original POIs data need to through Z-Score standardization according to the following formula:
(i = 1,2, … , n; j = 1,2, … , m) .
POI data model
For each platform, a POIs feature vector, FD (Frequency Density) model was built, denoted as f d1 , f d2 , …,
f di denotes the frequency density of the i st category of POI in platform service area R: 
Urban functional identification
The study used traditional rules of data acquisition, and then used these rules for pattern recognition of large data, which was to recognize the function of the clusters obtained from blind clustering of bus platforms by using the correlation between residents' trip time and purpose, residents' general cognition and POI model. 
Results
Clustering results of bus platforms and Summary at TAZ scale
After clustering of bus stops based on flow data by using EM algorithm in the software Weka, 6 different clusters were obtained (each bus stop only belongs to one cluster, C0-C5). Next, according to the spatial subordination between platforms and traffic analysis zones (TAZ), statistical work was carried out for each traffic analysis zone, and the cluster that exists most in a TAZ represents the category of the TAZ.
The clustering results were summarized at TAZs scale (sparse for unclassified area), as shown in figure   8 . 
Function Identification
Construction of POIs model
According to the results of blind clustering of platforms in 4.1, a POIs model was built for each cluster (C0-C5), and the value of FD (Frequency Density) and RCR (Rank of Category) of each functional region were calculated, as shown in Table 2 . The inflows on weekdays of clusters clustered by EM Fig. 10 The outflows on weekdays of clusters clustered by EM Fig. 11 The inflows on weekends of clusters clustered by EM Fig. 12 The outflows on weekends of clusters clustered by EM
Identification of results
Functions of clustering results of EM algorithm were identified as followed: Some regions lack data of traffic flow for being covered with mountains, forests, rivers and others, so there are put in one category in this study.
According to the results of functional identification, the area and population of each functional area was collected, as shown in Table 3 . 
Examination of the results of identification
In order 
Contrast diagram Identification results
Region C(green) in the map of recognition results belongs to an unclassified area, according with region C in the map of land use status quo which represents the delta of Yongding River.
Contrast area
Haidian District has many universities including Peking University, Tsinghua University and Renmin University of China as well as Chinese silicon valley, which is the region of science, education and culture in Beijing.
Contrast diagram Identification results
Region D(purple) in the map of land use status quo is the region of science, education and culture, which is in accord with region D in the map of recognition results.
Contrast area some parts of Dongcheng District
Contrast diagram
Identification results
In the map of recognition results, region E is a scenic area and region F is a commercial and entertainment area. And by comparing with Google map of the regions, region E is Ritan Park in reality and region F is actually a famous commercial and entertainment area in Beijing, which has a plenty of shopping centers like China World Mall, Traders Hotel, Jiali Mall and Wanda Plaza.
Besides, we also compared results of the study with detailed land-use data of each TAZ in Beijing to test the overall accuracy of identification. After ranking 1118 TAZ according to the size of public land (including land of public facilities and municipal administration), selecting the top 50 TAZ and removing the TAZ without SCD information, there were a total of 44 TAZ left. 22 of them were identified as areas of public management, science, education and culture with an accuracy rate of 50%. Using the same method, the residential land was analyzed and the accuracy rate was 58.06%. The result is as shown in From the overall consideration of the highly-mixed land use status of Beijing and the contrastive analysis of the study, DZoF model has a certain degree of accuracy in effectively identifying main functional areas in Beijing.
Conclusion and discussion
This The results show that DZoF model has certain ability to recognize the characteristic of functional areas in Beijing. This study can help people easily understand the spatial structure of a complex city, assist city planners to carry out planning of different urban functional areas based on human mobility and POI data, and provide the guidance and reference to city planning and site selection for real estate development.
This research has potential innovation in three aspects: first, it studied the spatial structure of a city through human mobility based on massive SCD; second, it combined the traditional methods of urban studies and big data mining and identified the features of residents' trip behavior from existing survey data of residents' trip, and applied these features as rules to the identification of urban functional area; third, it constructed a DZoF (discovering zones of different functions) model and identified the function of different regions in the city. As a whole, based on data of POI and SCD, the research studied the dynamic spatial structure of city using data mining method, providing a new analysis and research methods for studies of metropolitan spatial structure.
In this study, there are still some deficiencies that need to be improved in further researches: (1) the number of pick-up and drop-off passengers was chosen as an index in the study. But because of the unobtainable drop-off data of one-ticket lines, the study has ignored the data of one-ticket lines. New model can be built to effectively use data of one-ticket lines and improve the accuracy of recognition results in the future; (2) in 2010, the ratio of travelling by public bus in Beijing is 28.2%, while rail transit accounts for 11.5%, taxi for 6.6% and car for 34.2% 6 . So the data of bus have some limitations and one sidedness. In future researches, data of rail transit and taxi data can be added into the study to complete the information of human mobility and get more accurate results. 
